Kidney cancer accounts for ~60,000 new cases and ~13,000 deaths annually in the United States 1 . About 85% of kidney cancers are RCCs, which arise from the renal epithelium. Clear cell RCC (ccRCC), which constitutes 75% of RCC cases, is the best characterized kidney cancer subtype [2] [3] [4] . The remaining 25% of RCCs, broadly classified as nccRCC, represent distinct tumor subtypes, including pRCC (10-15%) and chRCC (4-5%) [5] [6] [7] [8] . Presurgical diagnosis of chRCC on the basis of imaging studies is challenging, as tumors often show overlapping features with those of ccRCC and renal oncocytoma 9-11 , a benign kidney epithelial tumor with an incidence rate of ~5% (refs. 5-8). Similarly, in needle core biopsies, chRCC is at times difficult to distinguish from renal oncocytoma. Thus, diagnosis remains a challenge and is confounded by the presence of mixed tumors that show features of both renal oncocytomas and chRCCs 5, 6, [12] [13] [14] [15] . Other nccRCC types include collecting duct (<1%), tRCC (rare) 16 and medullary (rare) subtypes. About 4-5% of tumors remain unclassified 5, 8, 17 . Although infrequent, tRCCs tend to affect adolescents and young adults and are particularly devastating. Although several drugs have recently been approved for metastatic RCC, registration trials involved almost exclusively patients with ccRCC, and there are no treatments with demonstrated efficacy in nccRCC subtypes 17 .
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Kidney cancer accounts for ~60,000 new cases and ~13,000 deaths annually in the United States 1 . About 85% of kidney cancers are RCCs, which arise from the renal epithelium. Clear cell RCC (ccRCC), which constitutes 75% of RCC cases, is the best characterized kidney cancer subtype [2] [3] [4] . The remaining 25% of RCCs, broadly classified as nccRCC, represent distinct tumor subtypes, including pRCC (10-15%) and chRCC (4-5%) [5] [6] [7] [8] . Presurgical diagnosis of chRCC on the basis of imaging studies is challenging, as tumors often show overlapping features with those of ccRCC and renal oncocytoma [9] [10] [11] , a benign kidney epithelial tumor with an incidence rate of ~5% (refs. 5-8) . Similarly, in needle core biopsies, chRCC is at times difficult to distinguish from renal oncocytoma. Thus, diagnosis remains a challenge and is confounded by the presence of mixed tumors that show features of both renal oncocytomas and chRCCs 5, 6, [12] [13] [14] [15] . Other nccRCC types include collecting duct (<1%), tRCC (rare) 16 and medullary (rare) subtypes. About 4-5% of tumors remain unclassified 5, 8, 17 . Although infrequent, tRCCs tend to affect adolescents and young adults and are particularly devastating. Although several drugs have recently been approved for metastatic RCC, registration trials involved almost exclusively patients with ccRCC, and there are no treatments with demonstrated efficacy in nccRCC subtypes 17 .
An understanding of the genetic basis of nccRCCs has come from familial studies where germline mutations have been identified in MET in pRCC (type I), FH in pRCC (type II) and FLCN in the chRCC and renal oncocytoma tumor types 18, 19 . In addition to predisposing germline mutations in VHL in ccRCC, pathogenic variants in TSC1, TSC2, PTEN, SDHB, SDHC, SDHD, MITF and BAP1 have been associated with predisposition to kidney cancer subtypes [19] [20] [21] [22] . Although somatic mutations in MET in sporadic pRCC 23, 24 and translocations involving the microphthalmia family (MiTF) members TFE3 and Spectrum of diverse genomic alterations define non-clear cell renal carcinoma subtypes A r t i c l e s TFEB in tRCCs 25 are known, alterations driving other sporadic forms of nccRCC remain to be identified.
To gain a better understanding of the nccRCC subtypes, we have applied next-generation sequencing technologies to characterize the exomes, transcriptomes and SNP-based genome-wide copy number alterations of multiple primary nccRCCs. We identified significantly mutated genes that include MET in pRCC and TP53 in chRCC. Using RNA sequencing (RNA-seq)-based expression analysis, we have identified a set of five genes that enable the molecular classification of chRCC, renal oncocytoma and pRCC subtypes. Additionally, we describe the identification of previously unreported gene fusions, including a transforming ACTG1-MITF fusion.
RESULTS

Deep sequencing analysis of nccRCC samples
In this study, we have analyzed 167 human primary nccRCCs and their matched normal samples. The nccRCC samples, classified on the basis of morphological diagnosis, included 67 pRCCs, 49 chRCCs (36 classic, 12 eosinophilic and 1 renal oncocytic neoplasm favoring chromophobe eosinophilic), 35 renal oncocytomas (31 renal oncocytomas and 4 renal oncocytic neoplasms favoring oncocytoma), 8 unclassified RCCs, 6 tRCCs and 2 samples with largely sarcomatoid dedifferentiation ( Table 1 , Supplementary Fig. 1 and Supplementary Table 1 ). DNA and RNA were isolated concomitantly from the same tissue sample to enable integrative genomic analyses 26 . Details of the samples and data analysis can be found in Table 1 , the Online Methods, Supplementary Figures 2 and 3 , and Supplementary Table 2 .
nccRCC mutation profiles
Exome sequencing and analysis of pRCC samples identified an average of 61 (±31) protein-coding alterations per sample (Fig. 1a) . This number is significantly higher than the average of 45 (±19) proteincoding alterations observed in The Cancer Genome Atlas (TCGA) ccRCC data set 4 (P = 3.6 × 10 −7 ). Differences were also seen in the mutational load between subtypes (Supplementary Tables 3-7) . For example, chRCC and renal oncocytoma tumors had, on average, a significantly lower number of somatic mutations than pRCC tumors (Fig. 1b-d We compared all the protein-altering changes identified in this study with those reported in the Catalogue of Somatic Mutations in Cancer (COSMIC) 27 and found that 90% (4,280/4,751) of them were new somatic changes (Supplementary Tables 3, 9 and 10). We evaluated a subset of these mutations using mass spectrometry genotyping and observed a validation rate of 92% (164/178; Supplementary Table 3) . Sanger sequencing confirmed somatic indels with a 96% validation rate (127/132; Supplementary Table 4) . Additionally, using RNA-seq data, we were able to confirm the expression of 1,412 somatic variants (Online Methods and Supplementary Tables 3 and 4) .
The spectrum of base changes in tumors can provide insights into the underlying mutational processes that contribute to the alterations observed 28 . Using recently described methods (ref. 28 and J.S.G., B. Fischer and W. Huber, unpublished data), we identified five distinct mutational signatures 29 (S1, S2, S3, S4 and S5) in the cancer types analyzed (Supplementary Figs. 4 and 5a) . In comparison to ccRCC where three signatures, S1, S3 and S4, were observed, the predominant mutational signature in pRCC consisted of S1 and S3 mutations (Supplementary Fig. 4c ). S3 and S4 mutations were the major operative mutation signatures in chRCCs and renal oncocytomas (Supplementary Fig. 4c ). In unsupervised hierarchical clustering of the mutation types at the sample level, the pRCCs predominantly clustered together, whereas the chRCCs and renal oncocytomas formed a separate group (Supplementary Fig. 5 ). Further, in clustering by mutational signatures at the level of cancer type, kidney cancer formed a distinct cluster, consistent with the shared mutation signatures among subtypes (Supplementary Fig. 4d ).
Mutated genes and their significance
In pRCC, chRCC and renal oncocytoma, we identified somatic protein-altering mutations in 2,364, 781 and 509 genes, respectively. We assessed the impact of protein-altering single-nucleotide variants on gene function using SIFT 30 , PolyPhen 31 and Condel 32 , finding that 53% (1,140/2,164) of the mutations in pRCC, 50% (346/698) of the mutations in chRCC and 48% (211/441) of the mutations in renal oncocytoma were likely to result in functionally relevant alterations according to at least 2 of the 3 methods used for functional assessment (Supplementary Table 3 ). In contrast, in the normal samples, only 14% (204,537/1,501,072) of the protein-altering germline variants identified were predicted to result in altered function (Supplementary Fig. 6 ), suggesting an enrichment for pathogenic variants in the tumors. We further examined the data for enrichment of deleterious mutations by performing a simulation (Online Methods), finding that deleterious mutations, with the exception of those in renal oncocytoma (P = 0.548), were significantly enriched in pRCC (P < 0.0001) or trending toward significance in chRCC (P = 0.075), similar to ccRCC (P = 0.086; Supplementary Fig. 7) .
We assessed the relevance of the mutated genes by applying a q-score metric 33 and ranking the significantly mutated nccRCC genes ( Fig. 2a-c) . In pRCC, we identified ten significantly mutated genes (q score ≥ 1; false discovery rate (FDR) ≤ 10%; Supplementary Table 11a) that included MET, SLC5A3, NF2, PNKD, CPQ, LRP2, CHD3, SLC9A3R1, SETD2 and CRTC1 (Fig. 2a, Supplementary  Fig. 8 and Supplementary Table 11a ). We found MET mutations 67  46  48  46  19  16  16  64  50  48  48  44  44   Chromophobe  49  49  47  47  ---46  33  32  26  27  26   Oncocytoma  35  34  33  33  ---35  29  29  24  24 Fig. 2e and Supplementary Figs. 9 and 10) suggested that they are potentially activating [34] [35] [36] . We tested the transforming ability of the MET mutants by stably expressing them in NIH3T3 cells and found that they promoted a significant increase in anchorage-independent growth when compared to ectopically expressed wild-type MET ( Fig. 2f and Supplementary  Fig. 11a ). Consistent with this finding, all MET mutants showed elevated phosphorylation in comparison to wild-type MET, suggesting that they are constitutively active ( Fig. 2g and Supplementary  Fig. 11b ). Cells expressing MET Asp153Tyr showed increased proliferation in comparison to those expressing wild-type MET at the concentrations of hepatocyte growth factor (HGF) ligand tested (Supplementary Fig. 11c ). MET mutations in pRCC were mutually exclusive with mutations in NF2, PTEN, TSC1 and MTOR, although they were not statistically significant given their low frequencies (Supplementary Fig. 12 ). SLC5A3 (also known as SMIT), encoding a Na + /myoinositol cotransporter, was among the significantly mutated genes; its role in cancer is unknown. In this gene, we observed three loss-of-function frameshift mutations and a single point mutation that was predicted to be damaging (Supplementary Fig. 8d ). We note that Slc5a3 knockout mice show upregulation of genes involved in the mitochondrial electron transfer chain 37 , indicating a role for SLC5A3 mutations in mitochondrial alterations that might contribute to the development or maintenance of pRCC.
In chRCC, we found TP53, PTEN, FAAH2, PDHB, PDXDC1 and ZNF765 to be significantly mutated ( Fig. 2b and Supplementary  Table 11a) . PDHB encodes the E1β subunit of the pyruvate dehydrogenase complex (PDHc) that catalyzes the conversion of pyruvate to acetyl-CoA 38 . This factor provides the primary link between glycolysis and the tricarboxylic acid (TCA) cycle. Human germline PDHB (E1β) mutations lead to lactic acidosis and heterogeneous neurological dysfunction 39 . Of the two mutations identified in PDHB in chRCC, one would lead to a truncated protein (p.Phe222fs*35) and the second would result in the substitution of arginine at codon 105 with leucine (p.Arg105Leu) (Supplementary Fig. 13a ). Although the consequence of the p.Arg105Leu alteration needs functional validation, we note that this substitution occurs at a highly conserved position (Supplementary Fig. 13b ) that was also reported to be mutated (p.Arg105Gln) in an individual with lactic acidosis 40 . PDHB alterations, like the fumarate hydratase (FH) and succinate dehydrogenase 22 (SDHB, SDHC and SDHD) mutations known in kidney cancer 41 , potentially allow the tumor to favor glycolysis over oxidative phosphorylation for energy production.
Among the nccRCC samples analyzed, TP53 mutations were found to be significantly enriched in the chRCC classic subtype (P = 2.3 × 10 −5 ). ARID1A, a known tumor-suppressor gene, and PRKAG2 (encoding the AMP kinase (AMPK) γ subunit), although not achieving statistical significance, were recurrently mutated in chRCC. In addition, chRCC samples had mutations in TSC1, TSC2 or MTOR, which might signal addiction to the mTORC1 pathway and responsiveness to mTORC1 inhibitors. In renal oncocytoma, the q-score analysis identified ERCC2, a nucleotide excision repair pathway gene, and C2CD4C, a C2 calcium-dependent domain-containing protein, as significantly mutated (Fig. 2c,h and Supplementary Table 11a ). However, given the low mutation rates in renal oncocytoma, sequencing of a larger number of samples in combination with functional evaluation would be needed to fully ascertain the roles of the mutated genes.
PRKAG2 encodes one of the three γ subunits of AMPK (Fig. 2i ,j and Supplementary Fig. 14) , which functions as a key sensor of cellular metabolism 42 . The presence of an inhibitory pseudosubstrate sequence within the AMPK γ subunit was previously reported 43 . Mutations mapping to the pseudosubstrate sequence lead to constitutive activation of AMPK 43 . Among the mutations identified in PRKAG2 in chRCC, the encoded p.Ile388Val substitution was present in the pseudosubstrate sequence within the second cystathionine-β synthase (CBS) motif ( Supplementary Fig. 14a ), indicating that the p.Ile388Val substitution might be activating.
A second mutation in PRKAG2, encoding p.Arg531Gln, was observed in two tumor samples. In a recent chRCC data set 44 , we found a mutation encoding p.Arg299Gln in PRKAG1 ( Supplementary  Fig. 14c ). This mutation is analogous to the PRKAG2 mutation encoding p.Arg531Gln previously reported in sporadic lethal congenital glycogen storage cardiomyopathy (GSC) 45 . Arg531 is a conserved residue located within non-exchangeable AMP-binding site 4 (CBS4) of AMPK that makes contact with AMP 46 , and the p.Arg531Gln substitution is predicted to affect AMP binding (Fig. 2j) . A previous study demonstrated elevated activity for this mutant, consistent with the dominant nature of the mutation in GSC 45 . A mouse transgenic model expressing the PRKAG2 Arg531Gly mutant showed a cardiac phenotype and glycogen accumulation in the heart, although no elevation in mutant AMPK activity was detected 47 . Previous studies have 
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shown a link between glycogen storage disease and hepatocellular carcinoma [48] [49] [50] . Interestingly, kidney proximal tube-specific expression of a mutant hypoxia-inducible factor (HIF)-1α protein that is not targeted for degradation by pVHL (a frequently inactivated protein in ccRCC) promotes the accumulation of glycogen 51 . Although AMPK is primarily thought to have a tumor-suppressor role owing to the loss-of-function mutations identified in its upstream activator STK11 (also known as LKB1) in cancers, recent evidence suggest that, under energy-limiting conditions, AMPK can support cell survival through inhibition of the ACC1 and ACC2 enzymes involved in fatty acid biosynthesis and thereby help conserve nicotinamide adenine dinucleotide phosphate (NADPH) 52 . Consistent with the fact that kidney cancers have been associated with prominent metabolic alterations 19 and the role of AMPKs in energy sensing, the mutations identified in PRKAG2 along with those in PDHB potentially identify a subtype of chRCC in which metabolic deregulation contributes to pathogenesis. In addition to the mutational hotspots observed in TP53, MET and PRKAG2 (Supplementary Table 9 ), mutational meta-analysis using data from COSMIC 27 identified 78 additional hotspot mutations in 60 genes (Supplementary Table 10) , which included drug targets such as IDH2, JAK2 and MTOR. We further assessed the significance of the mutated genes at the pathway level using Reactome 53, 54 and found that, whereas the chRCC samples were enriched for pathways that involve TP53 and metabolism, the pRCC samples had statistically significant enrichment for pathways involving MET (semaphorin pathways) and glucose transport (FDR < 0.1; Supplementary Table 11b ). 
Expression analysis identifies distinct nccRCC subtypes Unsupervised clustering of the 400 genes with the most variable expression on the basis of RNA-seq analysis resulted in sample clusters that reflected the major histological groups. Among the different histological subtypes, the tRCC samples and a majority of the unclassified samples clustered with pRCC samples, indicating that these tumors might engage similar signaling pathways ( Fig. 3a and  Supplementary Fig. 15 ).
In routine clinical practice, distinguishing chRCC, a malignant neoplasm, from renal oncocytoma, a benign neoplasm, by histology alone can be challenging 6, 55, 56 . We found that renal oncocytoma shared more expression features with chRCC than pRCC. To further understand the subtypes, we performed pairwise differential expression analyses that involved the different tumor subtypes and also their matched normal samples (Supplementary Table 12a-f) .
Analysis of differential expression in chRCC versus renal oncocytoma identified ADAP1, SDCBP2, HOOK2, BAIAP3 and SPINT1 as the top five genes with differential expression, all of which had a high level of expression in chRCC (2.5 to 5.3 log 2 fold increase in expression in comparison to renal oncocytoma; P < 1.89 × 10 −51 to 1.007 × 10 −101 ). We also identified ITGB3, MINOS1-NBL1 and ASB1 as being upregulated in renal oncocytoma in comparison to chRCC (Supplementary Table 12 ). Also among our top differentially expressed genes were AP1M2, TJP3, TMC4, CLDN7, MAL2, PROM2, KRT7, PRSS8 and HOOK2, which were previously reported in a differential expression analysis comparing chRCC and renal oncocytoma 57 . Although some of the genes identified in our analysis have been implicated in tumorigenesis, their exact role in cancer remains to be understood [58] [59] [60] [61] [62] .
We tested the usefulness of RNA-seq data in classifying tumors into the nccRCC subtypes by using the 25 most differentially expressed genes from a 2-way comparison of each tumor subtype and identified a minimal set of 5 genes-ASB1, GLYAT, PDZK1IP1, PLCG2 and SDCBP2-that were sufficient to separate the pRCC, chRCC and renal oncocytoma subtypes (Fig. 3b and Supplementary Fig. 16 ). We confirmed the usefulness of the 5 genes in nccRCC subtype stratification on a validation cohort consisting of 16 chRCC, 10 renal oncocytoma and 17 pRCC tumors. A leave-one-out cross-validation using a k nearest-neighbors classifier correctly classified 41 of the 43 samples (95.3%; Fig. 3c) . We further confirmed the use of the 5 genes in nccRCC subtype stratification using an independent expression data set 63 consisting of 4 renal oncocytoma, 4 chRCC and 19 pRCC samples, finding that these genes clustered the nccRCC samples into groups that matched the histological subtypes (Supplementary Fig. 17) .
Given the presence of PRKAG2 mutations in chRCC and the potential for this gene as a drug target, we assessed the expression of PRKAG2 in the different subtypes (Supplementary Fig. 18 ). PRKAG2 was among the 10 most upregulated genes in renal oncocytoma (3.59 log 2 fold increase; P < 2.03 × 10 −100 ) and chRCC (3.36 log 2 fold increase; P < 5.29 × 10 −90 ) samples in comparison to pRCC samples (Supplementary Table 12) . Further, we found that expression of ASCL1 and SCL25A5 was well correlated with expression of PRKAG2 (Supplementary Fig. 18 ). ASCL1 encodes an acyl-coenzyme A synthetase capable of increasing the AMP/ATP ratio 64 and thus potentially activating AMPK. SLC25A5 is a nuclear-encoded gene that is responsible for mitochondrial ADP and ATP transport and is known to have a role in metabolism 65 .
We also assessed copy number changes in the nccRCC samples using SNP arrays. The pRCCs showed frequent amplification of the entire chromosomes 3, 7, 12, 16, 17 and 20 ( Supplementary Fig. 19 ), consistent with previous reports 66 . Although chRCCs (classic) showed frequent loss of chromosomes 1, 2, 6, 8,10, 13, 17 and 21, the chRCC eosinophilic subtype appeared to be almost completely diploid. Renal oncocytomas showed very few copy number alterations, with chromosome 1 deletion being the most frequent ( Supplementary  Fig. 19) . A pRCC sample (1216T) showed amplification of a 490-kb Fig. 20a) . We confirmed the amplification event using FISH analyses (Supplementary Fig. 21a ). Consistent with amplification, this sample had the highest level of TFEB expression in comparison to all other samples (Supplementary Fig. 20b ), indicating that, in addition to previously known TFEB translocations in tRCCs, amplification might be a cancer-relevant TFEB alteration. Given this finding, we reevaluated this sample and found characteristics of low-grade RCC with papillary and oncocytic features. We observed that ~70% of the pRCC samples studied had amplification of the entire chromosome 7, and one pRCC sample (16864T) had amplification of a 22-Mb region within chromosome 7. The minimally amplified region within chromosome 7 contained MET (Supplementary Fig. 20c) . Consistent with amplification, this sample showed the highest level of MET expression ( Supplementary  Fig. 20d) , indicating that amplification, in addition to mutation, might be relevant for MET activation in pRCC pathogenesis. In general, we observed a higher level of MET expression in pRCC samples, in particular, in samples with chromosome 7 amplifications (P = 1.78 × 10 −6 ; Supplementary Fig. 20d ). Our data are consistent with previous observations of chromosome 7 amplification 67 and trisomy 68 .
MITF gene fusion in nccRCC
The MiTF basic helix-loop-helix (bHLH) transcription factors TFE3, TFEB, TFEC and MITF 69 are deregulated in cancers, and translocations involving TFE3 and TFEB are known in tRCC 70 . TFEB translocations are low-frequency events and are often missed in the clinic. We analyzed our RNA-seq data to evaluate its usefulness for the discovery of new and known fusions in tRCC (Supplementary Table 13) . Of the samples classified as tRCC on the basis of morphology and TFE3 immunohistochemistry, we found evidence for the previously reported ASPSCR1-TFE3 fusion 25, 70, 71 and PRCC-TFE3 fusion 71 . We confirmed this result further using FISH analyses (Supplementary Fig. 21b,c) . We did not detect fusion events involving TFE3 (or other MiTF members) in two tRCC samples (14336T and PtS1T), even though they showed elevated TFE3 expression at the RNA and protein (immunohistochemistry) levels (Supplementary Fig. 22 ). Further, we did not find evidence for TFE3 amplification in these samples, suggesting the involvement of an alternate mechanism leading to upregulated expression of this gene. However, in one tRCC sample (14336T) lacking TFE3 fusion, we identified a fusion involving MIDN, encoding midnolin, a nucleolar protein, and SBNO2, encoding strawberry notch homolog 2, a DEXD/H helicase family corepressor. MIDN and SBNO2 are located on opposite strands of chromosome 19p13.3 (Supplementary Fig. 23 ). The observed fusion is likely due to a genomic inversion at 19p13.3 that, when transcribed and spliced, places the noncoding exon of MIDN at the 5′ end of the second exon of SBNO2. This event results in a transcript corresponding to full-length SBNO2 under the control of the MIDN promoter (Supplementary Fig. 23 ). The sample with the MIDN-SBNO2 fusion had the second highest level of SBNO2 expression (Supplementary Fig. 24) . Further, the second tRCC sample (PtS1T) lacking TFE3 fusion had the highest level of SBNO2 expression, although the exact mechanism leading to upregulation of SBNO2 remains to be determined (Supplementary Fig. 24) . Recently, SBNO2 has been shown to have a critical role in bone homeostasis through the activation of MITF 72 . However, whether SBNO2 can modulate the levels and transcriptional activity of other MiTF members, including TFE3, requires further investigation.
We found an unreported gene fusion involving CLTC and TFEB (CLTC-TFEB) in an nccRCC sample (8432T; Fig. 4a and 
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A r t i c l e s Supplementary Fig. 25a ) that was designated as unclassified. We confirmed TFEB translocation in this sample using FISH analyses (Supplementary Fig. 21d ). The CLTC-TFEB gene fusion encodes an in-frame fusion protein containing the bHLH domain of TFEB, as observed in other known TFEB fusions 70 , indicating that the resulting protein is likely functional. This unclassified sample was found to cluster closely with the tRCC and sarcomatoid subtypes (Fig. 3a) . Similarly, we found PRCC-TFE3 fusion in another unclassified sample (20825T1). On the basis of the presence of fusions, both 8432T and 20825T1 were reclassified as tRCCs after additional pathological review. We identified an ACTG1-MITF gene fusion (Fig. 4b ) in a pRCC sample (159T; this case also exhibited oncocytic and papillary features). Although ccRCC-predisposing germline mutations in MITF have been discovered, to our knowledge, no gene fusions involving MITF in nccRCC have been reported 70 . We validated the ACTG1-MITF fusion and confirmed that it was somatic (Supplementary Fig. 25b) . The fusion protein encoded by ACTG1-MITF is about the same size as wild-type MITF, with the first 118 amino acids of MITF replaced by the N-terminal 121 amino acids of ACTG1 (Fig. 4b) . We found that the tumor expressing the fusion had a higher level of MITF expression than the matched normal sample (Fig. 4c) .
To further characterize the ACTG1-MITF fusion protein, we transfected a cDNA encoding the fusion protein into HEK293T cells and tested the expression of known MITF target genes 73, 74 . Expression of the ACTG1-MITF fusion resulted in a significant induction in HIF1A, MET and APEX1 transcript levels in comparison to wild-type MITF (P < 0.01; Fig. 5a and Supplementary Fig. 26 ). Given that RCCpredisposing mutation in MITF is thought to function by increasing its stability 75 , we assessed the stability of the ACTG1-MITF fusion protein by analyzing its turnover in cells. The ACTG1-MITF protein was more stable than wild-type MITF (Fig. 5b) . Further, we tested the transforming ability of the ACTG1-MITF fusion by stably expressing it or wild-type MITF in NIH3T3 cells and assessing anchorageindependent growth (Fig. 5c-e) . Cells expressing ACTG1-MITF had a significantly higher number of anchorage-independent colonies than cells expressing wild-type protein (Fig. 5d,e) . Taken together, these data suggest that the MITF fusion, like the TFE3 and TFEB fusions, can contribute to tumorigenesis in nccRCC. The MiTF proteins homo-or heterodimerize with other family members in various 5, 76 . Thus, we assessed the samples with MiTF fusion or amplification for genes upregulated in common between them that could serve as drug targets. We found that a majority (6/7) of the samples with MiTF fusion or amplification had elevated BIRC7 expression (Supplementary Fig. 27 ). BIRC7, encoding an anti-apoptotic protein, is an MITF target gene whose expression is known to be upregulated in several cancers 73, 74 . Our data suggest that BIRC7 expression might aid in the diagnosis of tRCC and other subtypes that overexpress MiTF family members. Small molecule BIRC7 inhibitors that sensitize cancer cells to apoptosis are in clinical development 73 and might prove effective in treating tumors positive for MiTF fusion or overexpressing MiTF, which currently remain intractable.
DISCUSSION
In this study, we have performed a comprehensive genomic analysis of human primary nccRCC samples using next-generation sequencing technologies. We find that pRCCs have a higher mutation rate than chRCCs and renal oncocytomas. Whereas VHL, TCEB1, PTEN, PBRM1, SETD2, BAP1, KDM5C, MTOR, PIK3CA and TP53 were identified as frequently altered genes in ccRCC, the genes altered in nccRCC are distinct, although mutations were also found in SETD2, PTEN, MTOR, PBRM1 and TP53 and vary within each subtype 3, 4, 77 .
Integrated analysis of altered genes that impinge on pathways involving MET and glucose metabolism ( Fig. 6 and Supplementary  Fig. 28 ) showed MET deregulation in pRCC, chRCC and renal oncocytoma ( Fig. 6 and Supplementary Fig. 29 ). In particular, in pRCC, a majority of the tumors carried MET alterations that included mutation, amplification and/or overexpression (Supplementary Figs. 28  and 29) . Given these observations, it would be relevant to stratify patients on the basis of MET alterations in trials involving MET inhibitors, as patients with pRCC who have germline MET mutations were responsive to a broad-spectrum tyrosine kinase inhibitor 67 . Analysis of chRCC identified frequent TP53 mutations that were exclusive to the chRCC classic type, building on previous findings 44, 78, 79 .
Using differentially expressed genes from RNA-seq data, we identified a five-gene set that can be used to stratify nccRCC tumors in the clinic, although further prospective validation would be needed. Further, we demonstrate the usefulness of RNA-seq data for the detection of known and new MiTF gene fusions. Our data suggest that the tRCC subtype might need to be broadened to incorporate tumors with MITF translocations, as well as possibly other modes of activation of MiTF family members, including direct activation through amplification, indirect activation through fusions involving genes such as SBNO2 or yet to be defined mechanisms in fusion-negative TFE3-overexpressing samples. This suggests that tumors with MiTF gene fusions, encompassing the tRCCs, and/or MiTF gene (MITF, TFE3 or TFEB) overexpression likely form a distinct nccRCC 'MiTF-high' subtype. Overall, these data emphasize the importance of integrative histogenomics in the diagnosis of samples with MiTF family alterations. Our efforts to identify drug targets in the MiTF-high subtype showed that a majority of these tumors express the anti-apoptotic protein BIRC7 and might be candidates for therapy involving an apoptosis-sensitizing BIRC7 inhibitor.
URLs. Ensembl, http://www.ensembl.org/; The Cancer Genome Atlas (TCGA), http://cancergenome.nih.gov/.
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ONLINE METhODS
Samples
Samples used in the study were typically obtained from patients undergoing surgery for a renal mass at hospitals affiliated with University of Texas Southwestern: Saint Paul University Hospital, Parkland Memorial Hospital and Zale Lipshy University Hospital. These hospitals include tertiary care referral centers (Saint Paul and Zale Lipshy) as well as a county hospital (Parkland Memorial) and serve a wide variety of patients of multiple ancestry groups, including European-descent, Hispanic, African-American, Asian and South Asian individuals. Patients were excluded if they were known to have HIV, hepatitis B virus (HBV), hepatitis C virus (HCV) or tuberculosis infections.
This study was conducted with institutional review board (IRB) approval and written patient informed consent. The protocol allows for the collection of discarded tissue samples as well as blood.
Patients were asked to specifically consent to placement of their genomic information in a protected publicly accessible database, and deidentified genomic information has been deposited for those subjects explicitly allowing it on the consent form.
Human tissue samples were deidentified before their shipment and analysis and are not considered human subject research under US Department of Health and Human Services regulations and related guidance (45 CFR Part 46). Tumor and adjacent normal kidney samples were frozen fresh in liquid nitrogen and stored at −80 °C. Perpendicular sections immediately flanking fragments of 1-3 mm in thickness were reviewed by a pathologist (P.K.) for all frozen tumor and normal tissues to confirm the diagnosis and tumor content 26 . Basic demographic information for the patient samples in the study, where available, is included in Supplementary Table 1. Tissue processing as well as simultaneous extraction of high-quality genomic DNA and total RNA from the same samples was performed as previously described 26 .
Exome capture and sequencing. We analyzed the exomes of 140 nccRCC samples and their patient-matched normal samples to assess the mutational burden. In addition, we also obtained exome data for an additional five nccRCC samples that lacked a matched normal sample ( Table 1 and Supplementary  Table 1 ). Exome capture was performed using the Agilent SureSelect Human All Exon kit (50Mb). Exome capture libraries were sequenced on the HiSeq 2000 platform (Illumina) to generate 2 × 75-bp paired-end data. A targeted mean coverage of 82× with 94% of bases covered at ≥10× was achieved for exome libraries (Supplementary Fig. 2 and Supplementary Table 2 ).
Target enrichment and sequencing. Targeted sequencing was performed for 19 pRCC tumor samples (including 16 tumor-normal pairs) using NuGEN's proprietary Single Primer Enrichment Technology (SPET). SPET was performed using the Ovation Cancer Panel kit (344 genes; 9079-32) and some additional content incorporated through NuGEN's custom design service (Supplementary Table 6a) . Briefly, fragmented DNA was end repaired and ligated to barcoded adaptors. After bead purification, up to 32 samples were combined, and probes designed to targeted regions were annealed and extended. After bead purification, libraries were PCR amplified and purified again. SPET libraries were sequenced on the MiSeq platform (Illumina) to generate 2 × 150-bp paired-end data. We obtained an average coverage of 100× (range of 60-200×).
RNA-seq.
We obtained RNA-seq data for 159 tumor samples (119 with data for tumor-normal pairs). RNA-seq libraries were prepared using the TruSeq RNA Sample Preparation kit (Illumina). The libraries were multiplexed three per lane and sequenced on the HiSeq 2000 platform to obtain, on average, ~68 million paired-end (2 × 75-bp) reads per sample (Supplementary Fig. 3 ).
Sequence data processing. All sequencing reads were evaluated for quality using the Bioconductor ShortRead package 80 . To confirm that all samples were identified correctly, all exome and RNA-seq data variants that overlapped with Illumina HumanOmni2.5-8 array data were compared and checked for consistency. An all-against-all sample comparison was carried out on germline variants to confirm matched tumor-normal pairing before additional data analysis.
Variant calling. Sequencing reads were mapped to the UCSC human genome (GRCh37/hg19) using Burrows-Wheeler Aligner (BWA) software 81 set to default parameters. Local realignment, duplicate marking and raw variant calling were performed as described previously 82 . Calling of somatic variants for a tumor and its matched normal BAM file was performed using Strelka 83 . We used a Strelka variant quality score of ≥1 to filter the variants. Known germline variants represented in dbSNP Build 131 (ref. 84) or 6,515 previously published normal exomes 85 but not represented in COSMIC v62 (ref. 27) were filtered out for all samples. In addition, germline variants that were present in both the tumor and normal samples were removed. To evaluate the performance of this algorithm, we randomly selected 178 protein-altering variants and validated them using Sequenom nucleic acid technology, as described previously 33 . Of these variants, 92% (164/178) were validated as somatic. All variants that were invalidated by Sequenom analysis were removed from the final set. Variants labeled "VALIDATED:RNA-seq" had confirmed expression in the RNA-seq data (Supplementary Table 3) . In addition to the variant filtering using dbSNP described above, unpaired samples had their initial called variants filtered against normal variants from this data set as well as normal samples from a previously published colon data set 86 . The effect of all nonsynonymous somatic mutations on gene function was predicted using PolyPhen 31 , SIFT 30 and Condel 32 . All variants were annotated using Ensembl (release 63).
Evaluation of mutations using simulation. We generated a database of all possible nonsynonymous mutations (~70 million) within our exome targets. On the basis of substitution, C:G>G:C, C:G>A:T, C:G>T:A, T:A>A:T, T:A>C: G or T:A>G:C, the variants were classified into six mutation types. We applied PolyPhen 31 , SIFT 30 and Condel 32 to assess the functional impact of each mutation. We classified a mutation as deleterious when at least two of the three methods employed showed that it had an adverse functional impact.
We performed Monte Carlo simulations to assess whether the observed mutations differed from randomly generated mutations. We first randomly selected 100 exome samples (with replacement) for each subtype (pRCC, chRCC, renal oncocytoma and ccRCC (TCGA data)). Then, for each of the 100 samples, from the precomputed database of 70 million variants, we randomly selected the same number of nonsynonymous mutations of each type as was observed in each of the samples. We repeated this process 1,000 times. To evaluate the significance of each mutation observed, we compared the frequency of the observed deleterious mutation with the frequency of deleterious mutations obtained from 1,000 simulations.
Mutational signatures.
As described recently 87 , we analyzed the nccRCC exome sequence data for the frequencies of the 96 possible mutation types (Supplementary Fig. 4a ). We included in the analysis TCGA exome data for 2,437 samples from 8 other cancer types, as provided by the SomaticCancerAlterations Bioconductor package (Supplementary Fig. 4d ). For the identification of mutational signatures 87 , we applied the framework of the SomaticSignatures package, version 1.1.11 (J.S.G., B. Fischer and W. Huber, unpublished data). A set of five common signatures was detected by analyzing eight TCGA studies and our three nccRCC subtypes, using non-negative matrix factorization with the Brunet algorithm 88 .
Mutational significance and hotspot meta-analysis. We evaluated the mutational significance of genes using Mutational Significance in Cancer (MuSIC) 89 . We calculated q scores by taking the negative log 10 value of the likelihood ratio test q values produced by MuSIC. A minimum mean RPKM of 0.26 (corresponding to the cutoff for the bottom quartile of all genes) derived from RNA-seq data was used to filter out genes that were not expressed or were expressed at very low levels, as described previously 90 , as they have been shown to have a higher background mutation rate 91 . We also treated the chRCC classic and eosinophilic types as a single group for q-score calculation. We did not attempt to compute q scores for tRCC, as the sample size was small (n = 6 tumor-normal pairs). We further filtered for significant genes that were found npg
